Many researchers have suggested fuzzy-based methods to derive rankings of services based on the fuzzy degree that each service satisfies a set of weighted quality attributes. Most of these methods assume a closed set of candidate services completely assessed. However, the candidate service set may include services which have not been fully assessed yet with respect to all quality attributes. Unassessed candidates introduce hesitation regarding the ranking of already evaluated services. In addition, even after services have been completely assessed, users may challenge the alleged assessments by disagreeing with them. Furthermore, users may suggest their preferences for quality attributes of services without providing numbers or ranges of numbers, but rather by providing characterizations of the relative importance of each attribute for their specific purposes. This paper suggests Intuitionistic Fuzzy Sets (IFSs) to handle these sources of uncertainty during services' ranking based on their Quality of Service (QoS) attributes. IFS score functions are used to rank services with regard to each quality attribute. The final ranking can be derived by applying an objective method based on entropy weights for the quality attributes. In addition, users' subjective selection of services based on preferences for the relative importance of quality properties is also discussed.
INTRODUCTION
The problem addressed in this paper is ranking of web services when assessment of their quality of service (QoS) attributes is characterized by uncertainty. Consider, for example, a broker evaluating services. The broker may have evaluated a subset of candidate services (already present in the service registry) which provide a similar function. Thus, the evaluator's assessment horizon includes a number of services, but not all of them have been fully evaluated on their quality attributes. Even if all candidate services have been assessed, a new service may appear in the evaluator's horizon also providing the same function. Most objective ranking methods cannot handle these sources of hesitation, since they often assume a closed set of completely assessed services Mahmoud, 2007, Xiong and Fan, 2007) . In addition, users of services may agree or disagree with the provided assessments regarding the quality properties of services as advertised by the service brokers. To allow service quality assessments to be as reliable as possible, despite unassessed candidate services, and also in order to consider in the process users' opinions and preferences, we introduce a service ranking approach based on Intuitionistic Fuzzy Sets (IFSs) (Atanassov, 1986) . In particular, we describe an approach for mapping quantitative quality attribute assessments to IFSs and then we discuss how this mapping can be useful to indicate rankings of candidate services with regard to quality attributes. Ranking can take place before all candidate services have been assessed fully and after all candidate services have been assessed and used. IFS scores and accuracy functions are used to derive service rankings with regard to each attribute. We also present how we can derive the final ranking of services with respect to all quality attributes by applying an objective method (Ye, 2010) based on entropy weights. Furthermore, users can also express subjective preferences for specific quality properties of services when looking for a suitable service. These preferences can be mapped to Intuitionistic Fuzzy Numbers (IFNs) and the Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS) can be used subsequently to provide a user-specific ranking of all the services in a category.
The contributions of this work are mainly the following: (a) It handles uncertainty stemming from broker service providers who perform their own objective evaluations and occasionally have incomplete values for some QoS attributes due to currently unassessed services and services' QoS attributes. (b) It addresses uncertainty stemming from missing subjective weights about QoS attributes using objective (entropy) weights. (c) It considers uncertainty on whether the measurement presented by the broker as maximum (minimum) in a benefit (cost) attribute is satisfying for the user whereas at the same time also considers users' preferences for specific QoS attributes. (d) It places all the above in a comprehensive framework for services' ranking and selection that handles various sources of uncertainty both for services' brokers and users using IFSs.
The remainder of the paper is structured as follows. In the following Section 2 we discuss related work. In Section 3, we describe the proposed approach for mapping of quality attribute assessments to IFSs in face of partially completed assessments and in Section 4, we provide a simple example that exemplifies the mapping approach. In Section 5, we demonstrate how service ranking is performed. In Section 6, we discuss adjusting service quality assessment based on users' opinions about the advertised values of quality attributes and show how quality assessments and objective ranking may be rearranged in this case using a fully assessed real set of fax services. In Section 7, we present how userspecific subjective ranking of services can take place based on user preferences and with the use of TOPSIS method. Finally, in Section 8, we conclude the paper and discuss some future research directions.
RELATED WORK
Service ranking techniques are broadly classified into objective, subjective or hybrid (Almulla et al., 2015) , according to the paradigm they follow to determine attribute weights. Objective methods are suitable for quantifiable attributes (Qu et al., 2014) and determine attribute weights directly from existing data and quality measurements, relying on quality attribute values provided by service providers or trusted service brokers (Choi and Jeong, 2014) . These values can be stored in the UDDI (Universal Description, Discovery, and Integration) registry, since the UDDI registry has the capability for storing quality information using the tModels feature (Patil and Gopal, 2010) . Subjective techniques specify attribute weights based on preferences given by users, providers or domain experts and they are appropriate in case of unquantifiable qualitative attributes. Hybrid techniques (Almulla et al., 2015) are also proposed to determine synthetic weights for attributes by combining available objective information and experts' preferences.
In all cases, ranking of services can be affected by certain sources of uncertainty which have been classified as (Platenius et al., 2013) : (a) uncertainty due to incomplete knowledge caused by partial service assessments provided by the service provider or by the broker, (b) uncertainty due the assumptions adopted for services' evaluation by the applied ranking technique, and (c) uncertainty due to users' vague preferences on services' QoS attributes and also users' uncertainty on the suitability of the evaluated max and min values of benefit and cost quality attributes. Our approach handles these sources of uncertainty with Intuitionistic Fuzzy Sets (IFSs), as follows: (a) We use IFSs to reflect missing evaluations of services by the broker. (b) When we have unknown information on QoS criteria weights, we calculate entropy (i.e. objective) weights to conclude at a final objective ranking of web services. (c) We use IFSs reflecting the users' agreement or disagreement on the evaluated max and min values of benefit and cost quality attributes, respectively. We also use IFSs to represent users' preferences on the importance of QoS attributes, instead of users' preferences on the ranges of QoS attributes' values. This makes it more practical for users to specify their requests.
In the following we discuss representative approaches with respect to the previously mentioned sources of uncertainty and compare them with the suggested approach in this work.
Uncertainty due to partial service assessments
In the literature, a number of works (e.g. (Shao et al., 2007) , (Zheng et al., 2011) , (Ding et al., 2014a) , (Ding et al., 2014b) ) address the problem of services' evaluation in the presence of missing values for some QoS attributes. Most of these approaches perform ranking prediction based on multiple users' subjective perceptions or observations for QoS values and apply collaborative filtering techniques. They solve the problem of predicting missing QoS values of a service by calculating the similarity to other neighboring services. Our work is predominately oriented towards broker service providers who perform their own objective evaluations and occasionally have incomplete values for some QoS attributes. The broker does not have any users' assessments for the same QoS value in multiple services and therefore prediction is not relevant. Unknown values are related to partially evaluated services by the broker and introduce uncertainty in the evaluation of the broker which is managed with the use of IFSs.
In (Platenius et al., 2015) incomplete characterization of services is also considered with the aim to determine the extent to which partially complete service specifications for QoS attributes match users' requirements. In this approach, a fuzziness service score is computed, however this is from the users' perspective on the importance of each service QoS attribute combining also incomplete assessments. In our work we adopt a brokers' perspective in which users' preferences are utilized as weights which are applied to services' QoS characterizations in terms of IFSs already reflecting the uncertainty of the broker due to missing QoS values.
Uncertainty due to services' evaluation and ranking techniques
When applying a subjective ranking technique, a critical issue is the determination of QoS attributes' weights. This problem has a profound effect in the final ranking of services. There are some powerful hybrid techniques which try to address this issue. For example, in (Almulla et al., 2015) decision makers (domain experts) are asked to provide both importance weights of QoS attributes and acceptable ranges of values for these attributes. These ratings are used to calculate subjective weights. Objective QoS attributes' weights may also be computed by considering dependencies among attributes based on correlation metrics between attributes. Finally, synthetic weights are calculated by combining the subjective and objective weights.
Similarly, our approach takes into account that information about attribute weights may be completely unknown. In such a case, we can derive objective (entropy) attribute weights by adopting a method which is suitable when attribute values take the form of intuitionistic fuzzy numbers (Ye, 2010) . This method is applied to calculate correlation of each service's attributes with the attributes of a hypothetical ideal service, that is the service satisfying all attributes at the maximum degree.
Uncertainty of users' preferences
Regarding uncertainty due to vague users' preferences there are many subjective fuzzy-based approaches in the literature (e.g., (Xiong and Fan, 2007 , Almulla et al., 2015 , Qu et al., 2014 , Fletcher et al., 2015 ). Fuzzy-based techniques aim to rank services based on the fuzzy degree that each alternative service satisfies a set of weighted quality attributes. These techniques handle uncertain ratings of service quality attributes, imprecise preferences for attribute weights and vague relationships/trade-offs among quality attributes. One interesting approach was presented recently in (Fletcher et al., 2015) and uses fuzzy logic to represent both importance of QoS attributes' weights according to users and also their trade-offs. Our work considers users' preferences as well and similarly to (Fletcher et al., 2015) we do not assume that users provide required ranges for QoS attributes' values. In (Fletcher et al., 2015) the authors also consider trade-offs, but they assume that all QoS attributes are fully measured, whereas our approach makes no such assumption.
There are also some subjective ranking approaches which adopt fuzzy set generalizations, such as IFSs/vague sets (Wang, 2009 , Wang, 2013 , to represent imprecise perceptions and hesitation of users and decision makers regarding service quality attributes. In our approach it is not necessary to ask decision makers' perceptions on QoS attribute characterizations, since the broker service is assumed to be responsible for providing concrete measurements at least for the quantifiable QoS attributes. Similarly to these approaches, we also map users' preferences for QoS attributes' weights to IFSs. Differently from these approaches, we also consider users' uncertainty on whether the measurement presented by the broker as maximum (minimum) in a benefit (cost) attribute is satisfying.
Multi-criteria decision making techniques are among the most popular for service subjective selection and ranking. The two most widely used approaches in the literature are AHP (Choi C. R. and Jeong, 2014) and TOPSIS (Whaiduzzaman et al., 2014) . As the number of QoS attributes grows, AHP becomes ineffective due to the use of pairwise comparisons among the attributes. On the contrary TOPSIS, and especially TOPSIS based on fuzzy sets, is quite efficient and reduces the complexity of the decision making process (Whaiduzzaman et al., 2014) . In particular, the fuzzybased TOPSIS approach is very suitable for cases where both cost and benefit attributes are used. For these reasons, in this work we apply a fuzzy-based TOPSIS technique inspired by the one introduced in (Boran et al., 2009) for the subjective ranking of services (described in Section 7).
MAPPING QUALITY ASSESSMENTS TO IFSS
An Intuitionistic Fuzzy Set (IFS) A in a finite set X is defined as (Atanassov, 1986) ( ) is the hesitation degree of whether x belongs to Α. We assume a list of services = { 1 , 2 , … , } matching a requested functionality and a list of quantitative quality attributes = { 1 , 2 , … , } used to compare the services. In the following, we provide IFS-based semantics for the membership, non-membership and hesitation of the level that service satisfies attribute .
Initially, before any evaluation, hesitation for the level that service satisfies attribute is maximal (equal to 1):
Now assume that we have used an evaluation function ( ) that returns the value of attribute for service . The attribute set is divided into the subset 1 of benefit attributes and the subset 2 of cost attributes. For a benefit (cost) attribute, such as availability (response time), the higher (lower) its value, the better the service quality is (Fletcher et al., 2015) Given that we have assessed all attributes of each alternative service in relation to the rest, we can eliminate hesitation in our evaluations. Let = max { ( )| = {1. . }} and = min { ( )| = {1. . }} be the maximum and minimum value of alternative services in relation to attribute . The membership for the level that service satisfies attribute is calculated by equation (3):
In this fully informed state, hesitation is completely eliminated, as shown in equation (4):
We have now to consider an aspect of hesitation that prevents the evaluator from reaching this fully informed state. The evaluator's assessment horizon may include a number of services but not all of them have been fully evaluated. In addition, a new service may appear anytime that also fulfills the same function. This new service introduces uncertainty to the validity of membership/non-membership parts of satisfaction of quality attributes with respect to (already) evaluated services. To allow assessments to be reliable, in such cases, we introduce a semi-informed state. Let us assume, given services, we have assessed in relation to attribute only services ( < .) We are, therefore, only = ⁄ < 1 certain of the membership and nonmembership parts of satisfaction of quality attributes with respect to already evaluated services. We call as the horizon uncertainty factor. Assessment of the new service, when completed, may change existing service assessments, either towards increasing membership or non-membership. This is because in Eq. 3, membership is affected by the minimum and maximum quality attribute values of the assessed services, and the new service value, which is currently unknown, may cause changes for all the already assessed services. In this semi-informed state, we have to re-calculate the membership, non-membership and hesitation value for the level that service satisfies attribute by applying equation (5):
A SIMPLE EXAMPLE
Consider two services 1 and 2 providing the same functionality. We want to compare these two services with regard to attribute which we assume that is throughput. Initially, we apply the assessment function only to service 1 and let assume that returns a throughput value equal to 5 MBPS (i.e., ( 1 ) = 5 ). Since we consider only one service ( 1 ), the maximum and minimum throughput values of all assessed services are the same (i.e. = = 5) and, thus, we assign full membership to the one and only assessed service 1 , i.e., {< 1 , 1, 0, 0 >}. However, since there is one more service that we have not assessed yet ( 2 ), the horizon uncertainty factor is equal to = 1 2 ⁄ = 0.5 and this value can be used to derive (by Eq. 5), a new IFS for the assessment of service 1 with respect to attribute (throughput): {< 1 , 0.5 × 1, 0.5 × (1 − 1), 1 − 0.5 >} = {< 1 , 0.5, 0, 0.5 >} Now assume that we evaluate throughput of service 2 and the result is ( 2 ) = 10 MBPS. We calculate the maximum and minimum throughput of both assessed services ( 1 and 2 ), and we have that = 10 and = 5. The upper part of equation (3) (because throughput is a benefit attribute) yields new membership values for services 1 and 2 , equal to ( 1 ) = (5 − 5) (10 − 5) ⁄ = 0 and ( 2 ) = (10 − 5) (10 − 5) ⁄ = 1, respectively. Using Eq. (4), we get: {< 1 , 0, 1, 0 >, < 2 , 1, 0, 0 >} . The interpretation of this result is rather straightforward. Having only two services and nothing else in the evaluation horizon, this result indicates both the best and the worst choice with regard to attribute . Service 1 is the least attractive service, having a membership of 0, and service 2 is the most attractive service, having a membership of 1. Since, so far, no other alternative services exist in the evaluation horizon, the hesitation part is in both cases 0.
Assume now that a third service 3 appears in the evaluator's horizon (i.e., service 3 is also found that satisfies the requested functionality). Until we have the opportunity to evaluate the attributes of service 3 , the mere fact that this service exists as candidate, introduces uncertainty in the suitability of other already assessed services. The horizon uncertainty factor is now equal to = 2 3 ⁄ = 0.67 and this value can be used to adjust values of previously computed IFSs until we have the opportunity to evaluate the throughput of service 3 . Equation (5) These IFSs reflect the fact that although service 1 has still zero membership and service 2 has still zero nonmembership, we hesitate to assign to them full nonmembership and full membership, respectively, due to the existence of service 3 , that has not been evaluated yet.
Finally, assume that ( 3 ) = 3 MBPS. We calculate again maximum and minimum throughput of all assessed services (i.e., services 1 , 2 and 3 ) and the results are = max{5, 10, 3} = 10 and = min{5, 10, 3} = 3 . Eq. (3) yields the new membership values for services: ( 1 ) = (5 − 3) (10 − 3) ⁄ = 0.29 , ( 2 ) = (10 − 3) (10 − 3) ⁄ = 1 and ( 3 ) = (3 − 3) (10 − 3) ⁄ = 0 . Service 2 is still the more attractive choice because there is a third worst alternative ( 3 ) which presents now the lowest throughput, whereas service 1 is the second choice. Equation (4) 
RANKING WEB SERVICES
In this Section we will first demonstrate how uncertainty due to unknown values related to partially evaluated services is managed in order to derive web services' rankings according to each QoS attribute. In realistic settings of large service data sets, we need a practical mechanism that will facilitate service ranking through calculation of scores. For this purpose, we use score and accuracy functions as they are defined for IFSs.
Let =< , > be an IFS. The IFS score function of is equal to (Chen and Tan, 1994) : ( ) = − . Considering membership and non-membership of an IFS (see Eq. (1)), it holds that ( )[−1,1]. The IFS score function ( ) represents the "net membership" degree. The accuracy function of is equal to (Hong and Choi, 2000) : ( ) = + =1 − . Considering membership and nonmembership of an IFS (see Eq. (1)
The IFS accuracy function ( ) represents the "nonhesitation" degree. To rank two IFSs =< , > and =< , >, their IFS score and accuracy functions have to be compared as follows (Hong and Choi, 2000) : If ( ) > ( ) then A is ranked higher than B. Otherwise, if ( ) = ( ) , then the service with a higher accuracy is ranked higher.
We demonstrate how ranking is performed by examining an exemplar set of services that slightly modifies an example presented in (Almulla, 2015) . Assume six web services: = { 1 , 2 , … , 6 } providing the same function (Table I) In the following we will discuss how QoS attributes weights can be calculated objectively in case that there is no available information on QoS importance weights. To rank services with regard to all attributes, we need to objectively determine attribute weights. For this purpose, we can apply a decision making method such the one proposed in (Ye, 2010) that is suitable for multi-criteria fuzzy decision making problems with unknown information on criteria weights. If information about the weight of attribute is unknown, we calculate the entropy (objective) weight (Ye, 2010) :
where is the number of attributes,
is the number of services, =
, and 1 ≤ ≤ 1 ( = 1, … , ). The final ranking of services is derived by calculating for each service the weighted correlation coefficient (S * , ) representing the distance of each service from the "ideal" service S * , that is a service with membership equal to 1 for the level that satisfies all attributes.
(S * , ) is calculated by using the following equation (Ye, 2010) :
Table III presents the membership/non-membership values for the level at which service ( = 1. .5 ) satisfies/does not satisfy attribute ( = 1. .4). Notice that these values are the adjusted membership/non-membership values calculated before and shown in Table II . We only take into account services S1..S5, because for these services full or partial assessments exist.
The objective entropy weight for each attribute is computed using Eq. (6) and the results are presented in the last row of Table III . Using Eq. (7), we can get the weighted correlation coefficient for each service , shown in last column of Table III : 1 (S * , 1 ) = 0.294 , 2 (S * , 2 ) = 0.958 ,
ADJUSTING QUALITY ASSESSMENTS BASED ON USERS' OPINIONS
So far we only considered uncertainties related to the brokers' evaluation of services. Now we turn our attention to the users' perspective on services evaluation. In order to maintain a healthy broker service, even when all known services in a category have been assessed fully, we have to take into account users' perceptions. In the current section, we demonstrate users' uncertainty on whether the measurement presented by the broker as maximum (minimum) in a benefit (cost) attribute is satisfying. More specifically, we consider the possibility that some quality attribute values may not be satisfying for the needs of the users. Thus, even though all services in a category have been measured, the user may express some concerns regarding the minimum or the maximum measurement of a cost or benefit attribute respectively.
The approach that we follow is inspired by the method suggested in (Deng-Feng, 2011) for transforming numerical values into IFSs. Users are asked, for a full set of services in a specific category which are fully assessed, whether they believe that the measurement presented as maximum (minimum) in a benefit (cost) attribute is satisfying. This belief is a number belonging in the range [0, 1]. We consider this number to affect the membership of all the services in a category in relation to this attribute by applying a variation of Equation (3).
More specifically, considering the membership of each service Si in relation to quality attribute k, we have again ( ) , the measured value of attribute for service . Furthermore, 1 represents the benefit attributes and 2 the cost attributes. Also, = max { ( )| = {1. . }} and = min{ ( ) | = {1. . }} are the maximum and minimum value of alternative services in relation to attribute . Since all services are fully assessed, the membership of each service considering the quality attribute k is computed by Equation (8):
In Equation 8, the membership ratio is multiplied by a coefficient which represents the satisfaction of the users in the respective attribute's maximum or minimum value. In the case of benefit attributes this coefficient is αk whereas in the case of cost attributes is δk.
Having the membership function, we now define the nonmembership function as shown in Equation 9:
As can be seen from Equation 9 the non-membership of service Si in relation to quality attribute k, is calculated by multiplying the complement of the satisfaction coefficient, αk or δk, for benefit and cost attributes respectively, with the complement of the membership value. As per the definition of IFSs, ( ) = 1 − ( ) − ( ), represents the hesitation degree.
The intuition behind equations 8 and 9 is the following: if the users believe that the maximum (minimum) of a benefit (cost) attribute is satisfying then the respective coefficient αk (δk) will be 1 and the membership of each service will be based solely on the distance from the trusted optimum. On the contrary, a less than 1 coefficient will signify a dissatisfaction in the optimum value and will reduce accordingly the membership part and attribute the remaining to the non-membership and hesitation parts. Notice that we do not examine the cause of the users' dissatisfaction to the reported optimum value. It may be that the users do not trust the measurement (for example 100% availability may seem too optimistic) or that the users believe that there is room for improvement and that the optimum will not be enough for their needs.
To give an example of this approach, consider the quality values reported in the QWS dataset Mahmoud, 2007a, Al-Masri and Mahmoud, 2007b) . According to this dataset all the available services have been fully measured in relation to the following quality attributes (Table IV) : QWS dataset provides also an application that allows searching the dataset, using among others the type of requested service. For example, the user may search for the quality attribute measurements of the available fax services in the dataset. This dataset is depicted in Table V . In relation to these quality attributes we observe that Response Time and Latency are cost attributes and that all other attributes are benefit attributes. Suppose now that we asked 100 users to express their satisfaction with the reported optimum value and that in all cases 90 users were satisfied with the optimum value and only 10 were not satisfied. This signifies a mostly satisfying perception of the reported measurements by the users where in all cases αk=0.9 and δk=0.9.
How would this perception affect the objective ranking of the various services?
As a first step, we apply Equations 8 and 9 to calculate the membership (μ), non-membership (u) and hesitation degree (π) of each service with respect to the various quality attributes. The results are depicted in Table VI. This table  contains all the 12 fax services in the QWS dataset and for each one of the 9 quality attributes the membership, nonmembership and hesitation have been calculated using equations 8 and 9. The calculations have been carried out using αk=0.9 and δk=0.9. Also ( ) for each attribute k and service Si is given in Table V . Finally, P is the maximum value and p is the minimum value of each quality attribute, also mentioned in Table V. Then we apply the same procedure as in Section 5 to produce the objective ranking of the various services which now includes also the users' perceptions regarding reported optimum values.
The entropy (objective) weight for each quality attribute can be computed by using Eq. 6. The results are depicted in Table VII . Then we calculate the nominator and denominator of Equation 7 and compute the weighted correlation coefficient. The results are depicted in Table VIII. Services in Table VIII are ranked according to the value of the weighted correlation coefficient. The first service is the 3rd service (S3) and the worst service is the 2nd service (S2). The intuition behind this ranking is that services which present higher membership values in quality attributes with greater variability are ranked higher.
USER SPECIFIC RANKING OF SERVICES WITH THE TOPSIS METHOD
The previous sections have handled the uncertainty caused by suitable known services that may have not been assessed completely as well as the uncertainty caused by the minimum or maximum values of cost and benefit attributes, respectively. In this section, we discuss our approach in generating a user-specific (i.e. subjective) ranking based on vague users' preferences on the importance of QoS attributes. In particular, QoS attributes are strongly affected by users' perceptions and their preferences can be expressed as linguistic terms which are then mapped to IFSs. To achieve this, we apply a TOPSIS-based technique for IFSs, like the one introduced in (Boran et al., 2009 ).
First, a weighted intuitionistic fuzzy quality matrix (WIFQM) is composed by considering the intuitionistic fuzzy quality matrix (IFQM) (e.g. Table VI produced in the previous section for the fax service data set) and a vector of the attribute weights W provided by a user, in which the user expresses the importance of each quality attribute for his/her specific needs. This step is necessary to synthesize the ratings of brokers with the needs of the users.
To compose the WIFQM, we will need to utilize the matrix multiplication operator, as it is defined for IFSs as follows (Atanassov, 1986) :
According to this operator the intuitionistic fuzzy quality matrix (IFQM in Equation 10 ) is multiplied by the vector of attribute weights W provided by the user which is also a vector of intuitionistic fuzzy numbers. Users provide their weights using linguistic terms signifying the importance of each quality attribute for their specific purpose. These linguistic terms are mapped to Intuitionistic Fuzzy Numbers (IFNs) using Table IX . It should be noted that linguistic terms shown in Table IX can be related with variable hesitation degrees. In Table IX as an example we provide indicative hesitation values which are 0.00 for strong assessments and 0.05 otherwise. However, users can select different hesitation degrees following the approach presented in (Wang 2009 ). Suppose for example that the user has provided the linguistic terms shown in Table X for the quality attributes of a fax service that she/he requires. 
For the Fax Service QWS data set B={Availability, Successability, Compliance, Throughput, Reliability, Best Practices, Documentation} and C={Response time, Latency}. To obtain A * and A -, Eq. (11) Next, separation (distance) measures can be calculated for each candidate service Si from A * and the A -, respectively. The normalized Euclidean distance can be adopted, since it has been proven to be a reliable distance measure that takes into account not only membership and non-membership but also the hesitation part of IFNs (Szmidt and Kacprzyk, 2000) . For each alternative service two separation values can be calculated by applying Equations (12) and (13). By utilizing these equations, the positive and negative separation measures can be computed for the twelve alternative services. These values are shown in columns (1) and (2) Equation (14) can be used to calculate these coefficients (i.e., the final scores of services) listed in column (3) of Table  XII . The alternative services are ranked in a descending order of these scores as can be seen in Table XIII. Services S3, S9 and S8 ranked with high scores by the objective ranking (Table VIII) are also the dominant services in the subjective ranking (Table XIII) . Regarding some of the differences from the results of the objective ranking, we can observe the following: 1. Service S2 in the objective ranking of Table VIII was ranked as the worst service. This service in the subjective ranking for the hypothetical user of our example is ranked much higher in the 4th place (Table XIII) . This is explained since some of the worst IFNs of S2 belong to quality attributes that the user characterized as unimportant (e.g. Compliance(S2) = [0, 0.1, 0.9] and Documentation(S2) = [0.04138, 0.09586, 0.86276]). 2. Similarly, service S10 ranked 11th in the objective ranking of Table VIII. In the subjective ranking of Table  XIII it is ranked 7th. Service S10 also has some of the worst values in unimportant quality attributes of the user (e.g.Compliance(S10)=[0, 0.1, 0.9], Documentation(S10) = [0, 0.1, 0.9]). 3. On the contrary, service S1 ranked 6th in the objective ranking of Table VIII and 11th in the subjective ranking of Table XIII . The much lower rank of Service S1 in the subjective ranking can be explained by the relatively low IFNs that displays in very important quality attributes for the hypothetical user (e.g. Throughput(S1) = [0, 0.1, 0.9], Reliability(S1)=[0.35, 0.065, 0.585]). 
CONCLUSION AND FUTURE RESEARCH DIRECTIONS
Most of web service ranking techniques assume a closed set of fully assessed candidates. We presented an objective ranking approach based on Intuitionistic Fuzzy Sets that considers hesitation in service quality assessment when the candidate service set has not been fully assessed yet with respect to all service quality attributes and, thus, some quality attribute values are not yet available. Furthermore, other sources of uncertainty were also handled. Uncertainty of users to accept the optimum values provided by the broker for each service category can lead to changes in the evaluations for the membership, non-membership and hesitation for all the services in a category. Similarly, users are uncertain, most often, for the exact values or values' ranges that the QoS attributes should have to satisfy their needs. Again in this case the uncertainty was handled using IFSs. More specifically, users provide linguistic terms characterizing the relative importance of each attribute, and these terms are mapped to IFNs which are used as weights for the subjective ranking of the categories' services for each user. We applied our approach to a real dataset of web services, namely the QWS dataset Mahmoud, 2007b, Al-Masri and Mahmoud, 2007c ) from which we used a set of twelve services for the fax domain (category) with nine different quality attributes. Currently, we are working in developing a working software prototype for a repository of services that will be based on the described approach in this work.
In Section 6 concerning adjustment of quality assessments based on users' opinions in Eq. 8 αk and δk represent the perception of users about the suitability of maximum and minimum values measured for a service in a specific quality attribute. However, this in turn can be affected by the evaluation of all services in a category since the minimum and maximum values may change if another service appears and we measure it. This is why in this scenario we assume that all services have been evaluated fully. Assume now that although users have expressed their perceptions about minimum and maximum values an unassessed service appears. Then the horizon factor ϑ will "kick in" and membership, non-membership and hesitation should be modified. Thus μ and u will be readjusted to compensate for the lack of knowledge concerning the unassessed service. Should we remove the effect of αk and δk prior to applying the horizon factor ϑ in this case? We think we should because αk and δk are affected by the current minimum and maximum values at the time of users' assessment and these values may change when we measure the new service. However, this sequence of events needs to be investigated more carefully in the future. In order to do this, we will need to conduct controlled experiments with real users of web services.
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